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ABSTRACT

RGB-based sign language recognition (SLR) is sensitive to motion blur, hand occlusion, illumination variation and background

clutter, which can weaken the visual evidence needed for fine-grained sign discrimination. Here, we present RGB–Wearable

Sensor Fusion (RWS-Fusion), a multimodal framework for isolated SLR that combines RGB video with synchronized wearable

sensing. The RGB branch uses a three-dimensional Swin Transformer-Tiny (Swin3D-T) backbone to extract spatiotemporal

visual representations from uniformly sampled video frames. The wearable branch integrates flex sensors and multi-site

inertial measurement units to capture finger flexion, hand motion, wrist posture and upper-limb dynamics. Normalized sensor

streams are augmented with first-order temporal differences and encoded using a lightweight Sensor Transformer. For

multimodal inference, modality-specific temperature scaling is applied to RGB and sensor logits, and validation-selected

weighted probability fusion is used to generate the final prediction. Experiments on a synchronized RGB–wearable dataset

comprising 5 participants, 100 isolated sign classes and 5,000 aligned samples were conducted under leave-one-subject-out

evaluation. RWS-Fusion achieved 97.10% accuracy and 96.83% macro F1-score, outperforming RGB-only and sensor-only

baselines. These findings suggest that wearable motion cues provide complementary information to RGB video for isolated

SLR in visually degraded acquisition conditions.

Introduction

Sign language recognition (SLR) aims to automatically interpret signed gestures from sensory data and has applications in

assistive communication and human–computer interaction. Recent work has investigated both vision-based sign recognition and

wearable-sensor gesture decoding, including hybrid deep networks for sign classification, RGB-based modelling of manual and

non-manual cues, and low-cost data-glove sensing1–4. A recent survey indicates that SLR research has moved from hand-crafted

features towards deep spatiotemporal representation learning5.

Large-scale datasets and benchmark studies have supported more systematic evaluation. The Word-Level American Sign

Language dataset, AUTSL, Sign Language Transformers and How2Sign enable evaluation across larger vocabularies, signers

and acquisition settings6–9. General video backbones, including Video Swin Transformer, Video Vision Transformer, Video

Masked Autoencoder and Multiscale Vision Transformer v2, have also improved RGB video representation learning10–13.

SLR-specific methods further enhance hand-aware representation, temporal alignment and continuous sign modelling through

SignBERT, visual alignment constraints, consistency-enhanced continuous SLR, correlation networks and contrastive visual–

textual transformation14–18.

Despite these advances, RGB-only SLR remains vulnerable when visual evidence is degraded. Motion blur, hand occlusion,

illumination variation, background clutter, low-quality frames and partial hand truncation can reduce the reliability of hand

appearance and motion trajectory cues. Skeleton- and keypoint-based methods can reduce background interference, but they

still depend on accurate landmark extraction, which may fail when hand boundaries, fingertip locations or body-reference

directions are visually ambiguous19.

Wearable sensors provide complementary motion information. Flex sensors, inertial measurement units (IMUs), data gloves

and other wearable sensors can directly capture finger flexion, hand orientation, acceleration, angular velocity and upper-limb

dynamics20–23. Smart-glove systems have also demonstrated the potential of wearable sensing for sign interpretation and



human–machine interaction24, 25. However, sensor-only recognition can confuse signs with similar finger-bending states or

inertial trajectories, and it does not explicitly encode visual appearance, spatial context or body-referenced direction.

Here, we present RGB–Wearable Sensor Fusion (RWS-Fusion), an RGB–wearable sensor fusion framework for isolated SLR

under controlled acquisition conditions that include common visual degradations. The study makes three main contributions.

First, we construct a synchronized RGB–wearable sensor dataset for isolated SLR, containing 5 participants, 100 sign classes

and 5,000 aligned multimodal samples. Second, we develop a multi-stream wearable sensor branch for temporal motion

modelling. Flex sensors and multi-site IMUs capture finger flexion, hand motion, wrist posture and upper-limb dynamics, while

first-order temporal differences and a Lite Sensor Transformer model motion states and temporal variations. Third, we introduce

a lightweight temperature-calibrated decision-level fusion strategy. Modality-specific temperature calibration is applied to RGB

and wearable sensor logits, and calibrated class probabilities are fused using a validation-optimized weight. Experiments show

that RWS-Fusion improves performance over RGB-only and sensor-only baselines under leave-one-subject-out evaluation.

Results

RGB-only recognition under cross-subject evaluation

Four video recognition models, R3D, VideoMAE, MViTv2-S and Swin3D-T, were evaluated using the same leave-one-subject-

out protocol10–13. As summarized in Table 1, Swin3D-T achieved the highest RGB-only performance, with 67.54% accuracy,

61.43% macro F1-score and 85.74% Top-5 accuracy. RGB-only recognition nevertheless remained limited under cross-subject

evaluation, consistent with the sensitivity of visual models to hand occlusion, illumination variation, motion blur, low-quality

frames and partial hand truncation.

Wearable sensor recognition under cross-subject evaluation
Several temporal models were evaluated using the same wearable sensor inputs, including 1D-CNN, BiLSTM, CNN-BiLSTM,

Transformer and the proposed Lite Sensor Transformer26–28. As summarized in Table 1, the Lite Sensor Transformer achieved

the highest sensor-only performance, with 95.20% accuracy, 94.61% macro F1-score and 99.04% Top-5 accuracy. It improved

accuracy and macro F1-score by 10.12 and 10.75 percentage points over 1D-CNN, and by 4.34 and 4.73 percentage points over

CNN-BiLSTM, respectively. These results indicate that multi-site wearable sensing, temporal-difference enhancement and

lightweight Transformer-based temporal encoding are suitable for heterogeneous wearable time-series signals.

Decision-level fusion performance
After the modality-specific branches were evaluated, Swin3D-T and the Lite Sensor Transformer were selected as the RGB

and wearable-sensor backbones, respectively. RGB-only and Sensor-only served as single-modal baselines, and several

decision-level fusion variants were compared with RWS-Fusion under the same cross-subject protocol29–32. Average Fusion

combined RGB and sensor softmax probabilities with fixed equal weights. Alpha-only Fusion optimized a global modality

weight without temperature calibration. Temperature-only Fusion applied modality-specific temperature calibration with equal

fusion weights. Confidence-adaptive Fusion adjusted modality weights according to prediction confidence. RWS-Fusion

combined modality-specific temperature calibration with validation-optimized global weighting.

As summarized in Table 1, Sensor-only substantially outperformed RGB-only, increasing accuracy from 67.54% to 95.20%

and macro F1-score from 61.43% to 94.61%. This result shows that wearable sensor signals provided more stable and

discriminative motion cues than RGB video in the present setting. All fusion variants further improved over the single-modal

baselines, supporting the complementarity between RGB video and wearable sensor signals. RWS-Fusion achieved the highest

overall performance, with 97.10% accuracy, 97.62% precision, 96.83% macro F1-score and 99.68% Top-5 accuracy. The

improvement over the sensor-only baseline was moderate but corresponded to a reduction in misclassified samples, as shown in

Fig. 1.

Class-wise behaviour and error analysis

To examine class-wise recognition behaviour, Fig. 1 shows the 100-class row-normalized confusion matrices for RGB-

only, Sensor-only and RWS-Fusion under cross-subject evaluation. The RGB-only model produced a scattered off-diagonal

distribution, with 1,623 misclassified samples and 67.54% accuracy. Sensor-only recognition showed a clearer diagonal

structure and reduced the number of errors to 240, corresponding to 95.20% accuracy. RWS-Fusion further reduced the number

of errors to 145 and achieved 97.10% accuracy, yielding the most concentrated diagonal distribution among the three settings.

Fig. 2 summarizes fusion behaviour under RGB–sensor agreement and disagreement. When both unimodal branches were

correct, all 3,206 samples were also correctly classified after fusion, indicating that RWS-Fusion did not introduce errors when

both modalities were reliable. When the RGB branch was incorrect but the sensor branch was correct, fusion correctly classified

1,515 samples and misclassified 39 samples. When the RGB branch was correct but the sensor branch was incorrect, fusion

correctly classified 130 samples and misclassified 41 samples. When both branches were incorrect, 4 samples were corrected
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Table 1. Model comparison under leave-one-subject-out evaluation. Values are mean ± standard deviation across five folds.

Setting Model or method Accuracy (%) Precision (%) Recall (%) F1-score (%) Top-5 accuracy (%)

RGB visual model

R3D 65.34 ± 11.39 59.76 ± 14.38 65.34 ± 11.39 58.53 ± 13.38 84.97 ± 13.24
VideoMAE 62.31 ± 8.40 57.80 ± 12.21 62.31 ± 8.40 56.10 ± 10.29 84.08 ± 12.11
MViTv2-S 66.29 ± 9.53 61.36 ± 13.70 66.29 ± 9.53 59.94 ± 11.72 85.42 ± 13.16
Swin3D-T 67.54 ± 9.25 63.03 ± 12.37 67.54 ± 9.25 61.43 ± 11.16 85.74 ± 12.07

Wearable sensor model

1D-CNN 85.08 ± 2.76 87.65 ± 3.42 85.08 ± 2.76 83.86 ± 3.56 97.50 ± 1.48
BiLSTM 92.58 ± 4.49 92.83 ± 4.60 92.58 ± 4.49 91.76 ± 5.14 98.76 ± 1.30
CNN-BiLSTM 90.86 ± 4.68 91.93 ± 4.55 90.86 ± 4.68 89.88 ± 5.39 98.68 ± 0.86
Transformer 92.92 ± 4.53 92.69 ± 5.17 92.92 ± 4.53 91.92 ± 5.44 98.84 ± 0.80
Lite Sensor Transformer 95.20 ± 2.43 95.07 ± 2.88 95.20 ± 2.43 94.61 ± 2.94 99.04 ± 1.11

Fusion strategy

RGB-only 67.54 ± 9.25 63.03 ± 12.37 67.54 ± 9.25 61.43 ± 11.16 85.74 ± 12.07
Sensor-only 95.20 ± 2.43 95.07 ± 2.88 95.20 ± 2.43 94.61 ± 2.94 99.04 ± 1.11
Average Fusion 96.42 ± 1.76 96.78 ± 1.67 96.42 ± 1.76 95.98 ± 2.16 99.62 ± 0.38
Alpha-only Fusion 96.00 ± 2.29 96.66 ± 1.75 96.00 ± 2.29 95.46 ± 2.84 99.64 ± 0.38
Temperature-only Fusion 96.36 ± 1.38 97.09 ± 1.03 96.36 ± 1.38 95.90 ± 1.74 99.68 ± 0.41
Confidence-adaptive Fusion 96.28 ± 1.71 96.68 ± 1.56 96.28 ± 1.71 95.85 ± 2.10 99.64 ± 0.43
RWS-Fusion 97.10 ± 1.50 97.62 ± 1.14 97.10 ± 1.50 96.83 ± 1.72 99.68 ± 0.41

Figure 1. Full 100-class row-normalized confusion matrices under cross-subject evaluation. (a) RGB-only. (b) Sensor-only. (c) RWS-Fusion.

by fusion and 65 remained misclassified. These results indicate that RWS-Fusion generally exploits the more reliable modality

in disagreement cases, whereas samples ambiguous for both modalities remain challenging.

Figure 2. Error analysis of RWS-Fusion under cross-subject evaluation. (a) Fusion behavior under modality agreement and disagreement. (b)

Top remain-ing confused class pairs in RWS-Fusion.

The main residual confusions in RWS-Fusion involved pairs such as “know” and “meet”, “virtuous” and “kind”, “I” and

“you”, and “thousand” and “what”. These errors are consistent with similar hand shapes, close motion trajectories, subtle

pointing directions and body-reference ambiguity33–36. For example, distinguishing “I” from “you” depends on fine-grained
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pointing direction, whereas distinguishing “virtuous” from “kind” may require more discriminative modelling of hand posture

and finger-flexion patterns. Overall, residual errors were concentrated in a small number of visually or kinematically similar

sign pairs, suggesting that future work should focus on finer modelling of hand orientation, body-reference direction and subtle

temporal differences. The model architecture, acquisition workflow and implementation settings are described in the Methods

section.

Discussion

This study presents RWS-Fusion, a multimodal framework for isolated SLR that combines RGB video, wearable sensing and

temperature-calibrated decision-level fusion. Under leave-one-subject-out evaluation on a synchronized RGB–wearable dataset,

RWS-Fusion achieved 97.10% accuracy, 96.83% macro F1-score and 99.68% Top-5 accuracy, outperforming both RGB-only

and sensor-only baselines.

The results show that wearable sensing provides robust motion information when RGB evidence is degraded by occlusion,

motion blur, illumination variation or background clutter. The sensor-only branch achieved strong standalone performance, but

RGB information remained useful because it encodes visual appearance and body-referenced spatial cues that are not directly

captured by inertial and flex sensors. The reduction from 240 to 145 errors indicates that calibrated decision-level fusion can

correct a subset of modality-specific failures, particularly when RGB and wearable sensors provide complementary evidence.

Several limitations should be considered. The dataset includes 5 participants and should be expanded to include more

signers, signer styles, acquisition environments, lighting conditions, backgrounds and wearing conditions to further evaluate

generalization37, 38. The present study focuses on isolated sign recognition; continuous SLR additionally requires temporal

segmentation, co-articulation modelling and language-level understanding8, 9, 16, 17. Future work will investigate larger-scale

data collection, signer-independent calibration, adaptive fusion strategies and real-time deployment of RGB–wearable sensor

fusion systems39–44.

Methods

Overview of RWS-Fusion

Given a sign language sample, the RGB video is represented as a sequence of RGB frames, and the wearable sensor modality is

represented as three wearable sensor streams:

V = {I1, I2, . . . , IT}, S = {Sb,Sh,S f }, (1)

where It denotes the t-th RGB frame, T is the number of frames in the original video, and Sb, Sh and S f denote the body IMU

signal, hand IMU signal and hand flex signal, respectively.

RWS-Fusion processes the RGB and wearable modalities using two modality-specific branches, as shown in Fig. 3. The

RGB branch captures hand appearance, body posture, motion trajectory and spatial context from uniformly sampled frames,

whereas the wearable branch models body IMU, hand IMU and hand flex signals. Both branches first produce class logits

over the same sign-class space, which are then temperature-calibrated, converted into class probabilities and combined using a

validation-selected fusion weight.

Figure 3. Overall architecture of the proposed RWS-Fusion framework.
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Dataset and acquisition system

A synchronized RGB–wearable acquisition system was developed to construct the multimodal SLR dataset, as shown in

Fig. 44, 20, 23, 24. The system comprised a USB camera, a PC acquisition unit, a receiver ESP32 module and three wearable

sensing nodes positioned on the upper arm, forearm and hand. The wearable hardware included ESP32-S3-WROOM-1 boards,

ESP32-C3 boards, JY901S IMU modules, batteries and flex sensors. The upper-arm and forearm nodes recorded upper-limb

inertial motion, whereas the hand node captured local hand movement, wrist posture and finger flexion.

During data collection, the wearable nodes transmitted sensor packets to the receiver ESP32 module through ESP-NOW

communication. The receiver forwarded multi-node sensor data to the PC through a USB serial interface. In parallel, the RGB

camera streamed video to the same PC through a USB camera interface. The PC served as the central acquisition unit and

stored RGB frames and wearable sensor signals in a synchronized acquisition process.

The acquisition design follows the same modality structure as the recognition model. The RGB camera preserves visual

appearance and body-referenced spatial information, whereas the upper-limb IMU, hand IMU and flex sensors provide

synchronized physical motion cues. These streams were stored together but remained separable for model training, enabling the

RGB and wearable branches to be optimized independently before decision-level fusion.

Figure 4. Integrated RGB–wearable acquisition system.

The dataset contains 5 participants, 100 isolated sign classes and 5,000 aligned RGB–wearable samples. Each participant

performed each sign class 10 times, resulting in 1,000 samples per participant. Each sample consists of a time-aligned RGB

video and synchronized wearable sensor streams. The visually challenging acquisition setting included common degradations

such as illumination variation, partial hand occlusion, motion blur and background clutter while keeping the sign vocabulary

and acquisition protocol consistent across participants. The RGB-only, sensor-only and fusion comparisons are summarized in

Table 1.

Fig. 5 illustrates a representative aligned sample, including uniformly sampled RGB frames, ten-channel finger-bending

voltage curves and a motion-summary heatmap derived from six nine-axis IMUs.

Ethics approval and consent to participate

This study involved non-invasive RGB video recording and wearable sensor data collection from adult volunteers in a controlled

laboratory setting. The study protocol was reviewed and approved by the relevant ethics review body of Tianjin University of

Technology (approval no. TUT-R-20260313-007). All procedures were performed in accordance with relevant institutional

guidelines and regulations. All participants were informed of the study purpose and data collection procedure, and written

informed consent was obtained before data collection. Written informed consent was also obtained for the publication of

identifiable images and related data in an online open-access journal.

RGB visual branch
For each RGB video, 32 frames were uniformly sampled from the original sequence. If a video contained fewer than 32 frames,

the last frame was repeated until the required length was reached. Each sampled frame was resized to 224×224, normalized

and used as input to the RGB branch.

The RGB encoder was implemented using Swin3D-T, following the Video Swin Transformer architecture10. The model

extracts hierarchical spatiotemporal features from the sampled RGB sequence and outputs visual logits through a classification

head composed of dropout and a linear layer:

zrgb =Crgb

(

Bswin(Xrgb)
)

, (2)

where Bswin(·) denotes the Swin3D-T backbone, Crgb(·) denotes the RGB classification head, and zrgb represents the visual

logits over sign classes.
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Figure 5. Representative aligned RGB–wearable sample.

Wearable sensor branch
The wearable sensor branch models sign motion from three synchronized sensor groups: body IMU, hand IMU and hand

flex20–23. The body IMU stream describes upper-limb inertial motion, the hand IMU stream captures local hand motion and

wrist posture, and the hand flex stream records finger-bending states.

To reduce the influence of different numerical ranges among sensor channels, each channel is normalized using z-score

normalization:

ŝm,l,c =
sm,l,c −µm,c

σm,c + ε
, (3)

where sm,l,c denotes the value of the c-th channel in the m-th sensor stream at the l-th time step, m ∈ {b,h, f}, µm,c and σm,c

denote the mean and standard deviation of the corresponding channel, and ε is a small constant used to avoid division by zero.

To enhance temporal motion modelling, the first-order temporal difference is calculated as:

∆ŝm,l,c = ŝm,l,c − ŝm,l−1,c. (4)

The first time step is padded with zero to keep the sequence length unchanged. The normalized signal and its temporal difference

are concatenated along the channel dimension:

Xm = Concat
(

Ŝm,∆Ŝm

)

, (5)

where Xm denotes the enhanced input of the m-th sensor stream. This design allows the model to use both motion states and

temporal variations, such as finger-bending changes, wrist rotation and inertial transitions.

Each enhanced sensor stream is processed by a Conv1D stem and a Lite Sensor Transformer Encoder, as shown in

Fig. 6. The Conv1D stem consists of a temporal convolution, batch normalization, GELU activation, a depthwise temporal

convolution and dropout. It projects each stream into a 128-dimensional embedding space and reduces the temporal length

before Transformer encoding.
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Figure 6. Lite Sensor Transformer Encoder used for each wearable sensor stream.

The Lite Sensor Transformer Encoder contains 3 Transformer blocks with 4 attention heads and an MLP expansion ratio of

2.0. A learnable CLS token and positional encoding are added to preserve temporal structure. After Transformer encoding, the

stream-level feature is obtained as:

fm = Em(Xm), m ∈ {b,h, f}, (6)

where Em(·) denotes the corresponding Lite Sensor Transformer Encoder and fm denotes the encoded feature of the m-th sensor

stream.

To integrate the three sensor streams, a gated fusion module is used. The three stream-level features are first concatenated,

and the gating weights are computed as:

g = Softmax
(

W2δ
(

W1[ fb; fh; f f ]+b1

)

+b2

)

, (7)

where g = [gb,gh,g f ] denotes the learned weights for the body IMU, hand IMU and hand flex streams, respectively. W1, W2,

b1 and b2 are learnable parameters of the gate network, δ (·) denotes the GELU activation, and [ fb; fh; f f ] denotes feature

concatenation.

The weighted stream features are concatenated and projected to obtain the fused sensor representation:

fsen = P
(

[gb fb;gh fh;g f f f ]
)

, (8)

where P(·) denotes the projection network composed of a linear layer, GELU activation, dropout and another linear layer. The

fused representation fsen is fed into a classifier composed of layer normalization, dropout and a linear layer to generate the

sensor logits zsen.

Temperature-calibrated decision-level fusion
RGB videos and wearable sensor signals provide complementary information, but their logits may have different confidence

distributions45, 46. Therefore, RWS-Fusion adopts a lightweight temperature-calibrated decision-level fusion strategy. Instead of

fusing heterogeneous intermediate features, the proposed method calibrates and combines the output logits of the RGB and

wearable sensor branches.

Let zrgb and zsen denote the logits generated by the RGB branch and the wearable sensor branch, respectively. Temperature

scaling is first applied to each modality:

pm = softmax

(

zm

Tm

)

, m ∈ {rgb,sen}, (9)

where pm is the calibrated probability vector of modality m and Tm is the corresponding temperature parameter. The calibrated

probability vectors are then fused as:

p f = α prgb +(1−α)psen, (10)

where p f denotes the fused probability vector, α is the fusion weight assigned to the RGB branch, and 1−α is the fusion

weight assigned to the wearable sensor branch. The final predicted class is obtained as:

ŷ = argmax
c

p f ,c, (11)

where p f ,c denotes the fused probability of the c-th class.
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Evaluation protocol

All experiments used leave-one-subject-out cross-subject evaluation. In each fold, one participant was held out as the test

subject, and the remaining four participants were used for model training and validation. The validation subset was selected

only from the training subjects and was used for model selection, temperature calibration and fusion-weight selection. The

held-out test subject was not used for hyperparameter selection, temperature fitting or fusion-weight optimization.

The RGB branch, wearable sensor branch and fusion variants were evaluated using the same train–validation–test split in

each fold. The trained RGB and sensor models were fixed before decision-level fusion, and the validation subset was used only

for temperature selection and fusion-weight selection. All reported values are the mean ± standard deviation across the five

leave-one-subject-out folds.

Implementation details

All experiments were implemented in PyTorch and run on a single NVIDIA GeForce RTX 3090 GPU. The RGB and wearable

sensor models were trained independently, and fusion was performed only after single-modal training.

For the RGB branch, each video was resized to 224×224 pixels and normalized before input to Swin3D-T initialized with

Kinetics-400 pretrained weights. The classification head was replaced for 100-class classification. The model was trained for

up to 50 epochs using cross-entropy loss with label smoothing of 0.1, AdamW optimization, a batch size of 6 and a weight

decay of 5×10−2. The backbone was frozen for the first 3 epochs with a head learning rate of 8×10−4, and then fine-tuned

with learning rates of 5×10−6 for the backbone and 5×10−5 for the classification head. Early stopping with a patience of 6

epochs was applied based on validation accuracy.

For the wearable sensor branch, body IMU, hand IMU and hand flex streams were temporally standardized, normalized

using training-fold statistics, and concatenated with first-order temporal differences. Each stream was encoded by a Conv1D

stem and a Lite Sensor Transformer with 128-dimensional embeddings, 3 Transformer blocks and 4 attention heads, followed

by gated sensor-stream fusion. The model was trained for up to 50 epochs using focal cross-entropy loss with γ = 2.0, label

smoothing of 0.05, AdamW optimization, a batch size of 512, a learning rate of 1×10−3 and a weight decay of 1×10−4. Early

stopping with a patience of 6 epochs was applied based on validation macro F1-score.

For decision-level fusion, the trained RGB and sensor models were fixed and used to generate logits for aligned multimodal

samples. The RGB and sensor temperature values were selected from {0.6,0.7,0.8,1.0,1.2,1.5,2.0}, and the RGB fusion

weight α was selected from 0.05 to 0.95 with a step size of 0.05. The fused probability was computed as α prgb +(1−α)psen.

The temperature values and fusion weight were selected on the validation subset by maximizing macro F1-score and were then

fixed for evaluation on the held-out test subject. Accuracy, macro precision, macro recall, macro F1-score and Top-5 accuracy

were reported as mean ± standard deviation across five folds.

Conclusion

This study developed RWS-Fusion, an RGB–wearable sensor fusion framework for isolated sign language recognition under

visually challenging acquisition conditions. The framework combines Swin3D-T-based RGB representation learning, multi-

stream wearable sensing and temperature-calibrated weighted probability fusion. Under leave-one-subject-out evaluation,

RWS-Fusion achieved 97.10% accuracy and 96.83% macro F1-score, outperforming RGB-only and sensor-only baselines.

These results indicate that wearable motion cues provide robust complementary information when RGB evidence is degraded,

and that calibrated decision-level fusion can further reduce modality-specific errors. Future work will extend the dataset,

evaluate more diverse acquisition settings, and investigate signer-independent calibration and real-time deployment.

Data availability

The datasets generated and analysed during the current study are available from the corresponding author upon reasonable

request. Public sharing of the raw RGB video data is restricted because the data contain potentially identifiable participant

images. Processed sensor data and metadata required to reproduce the main analyses may be made available for academic

research purposes, subject to institutional approval and participant consent restrictions.

Code availability

The custom code used for model training, evaluation, temperature selection and decision-level fusion is available from the

corresponding author upon reasonable request.
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